The accuracy of machine learning tasks critically depends on high quality ground truth data. Therefore, in many cases, producing good ground truth data typically involves trained professionals; however, this can be costly in time, effort, and money. Here we explore the use of crowdsourcing to generate a large number of training data of good quality. We explore an image analysis task involving the segmentation of corn tassels from images taken in a field setting. We investigate the accuracy, speed and other quality metrics when this task is performed by students for academic credit, Amazon MTurk workers, and Master Amazon MTurk workers. We conclude that the Amazon MTurk and Master Mturk workers perform significantly better than the for-credit students, but with no significant difference between the two MTurk worker types. Furthermore, the quality of the segmentation produced by Amazon MTurk workers rivals that of an expert worker. We provide best practices to assess the quality of ground truth data, and to compare data quality produced by different sources. We conclude that properly managed crowdsourcing can be used to establish large volumes of viable ground truth data at a low cost and high quality, especially in the context of high throughput plant phenotyping. We also provide several metrics for assessing the quality of the generated datasets.
genetics approaches, which involve identifying a trait of interest, then carrying out experiments to iden-23 tify which gene is responsible for that trait. With the advent of convenient mutagens, molecular genetics, 24 bioinformatics, and high-performance computing, researchers were able to associate genotypes with pheno-25 types more easily via a reverse genetics approach: mutate genes, sequence them, then look for an associated 26 phenotype. 27 However, the pursuit of forward genetics approaches is back on the table, given the even more recent 28 availability of inexpensive image data collection and storage coupled with computational image processing 29 and analysis. In addition, the potential for breeders to computationally analyze phenotypes is enabled, 30 thus allowing for the scope and scale of breeding gains to be driven by computational power. While high- 31 throughput collection of forward genetic data is now feasible, we must now enable the analysis of phenotypic 32 data in a high-throughput way. The first step in such analysis is to identify regions of interest as well as under field conditions, classifying images using the same processing algorithm can yield sub-optimal results. 36 Changes in illumination, perspective, or shading, as well as occlusion, debris, precipitation, and vibration 37 of the imaging equipment can all result in large fluctuations in image quality and information content. 38 2 Machine learning (ML) methods have shown exceptional promise in extracting information from such noisy 39 and unstructured image data. Kurtulmuş and Kavdir (13) adopted a machine learning classifier, support 40 vector machine (SVM), to identify tassel regions based on the binarization of color images. An increasing 41 number of methods from the field of computer vision are recruited to extract phenotypic traits from field 42 data (22, 29) . For example, fine-grained algorithms have been developed to not only identify tassel regions, 43 but also identify tassel traits such as total tassel number, tassel length, width, etc. (16, 27) 44 A necessary requirement for training ML models is the availability of labeled data. Labeled data consist 45 of a large set of representative images with the desired features labeled or highlighted. A large and accurate 46 labeled data set, the ground truth, is required for training the algorithm. The focus of this project is the 47 identification of corn tassels, in images acquired in the field. For this task, the labeling process includes 48 defining a minimum rectangular bounding box around the tassel. While seemingly simple, drawing a bound-3 for crowdsourcing and estimates of data quality have been available for years, and several recommendations 70 have emerged from past work. For example, collecting multiple responses per image can account for natural 71 variation and the relative skill of the untrained workers (23). Furthermore, a majority vote of MTurk work-72 ers can label images with similar accuracy to that of experts (19) . Although those studies were limited to 73 labeling categorical features of stock images, other studies have shown success with more complex stimuli.
74
For example, MTurk workers were able to diagnose disease and identify the clinically relevant areas in images 75 of human retinas with accuracy approaching that of medical experts (17). Amazon's MTurk is a particularly 76 valuable tool for researchers because it provides incentives for high quality work. The offering party has 77 the ability to restrict their task to only workers with a particular work history, or a more general criterion 78 known as 'Master Turk' status. The Master title is a status given to workers by Amazon based on a set 79 of criteria that Amazon believes to represent the overall quality of the worker; note that Amazon does not 80 disclose those criteria.
81
The time and cost savings of using crowdsourcing to label data are obvious, but crowdsourcing is only 82 a viable solution if the output is sufficiently accurate. The goal of the current project was to test whether 83 crowdsourcing image labels (also called tags) could yield a sufficient positive-data training set for ML from 84 image-based phenotypes in as little as a single day. We focus on corn tassels for this effort but we anticipate 85 our findings to extend to other similar tasks in plant phenotyping.
86
In this project, we recruited three groups of people for our crowdsourcing tassel identification task, from 87 the two online platforms Sona and MTurk. The first group consisted of students recruited for course credit, 88 or the Course Credit group. The second group consisted of paid Master-status Mechanical Turk workers,
89
(the Master MTurkers group), and the third group consisted of paid non-master Mechanical Turk workers 90 (the non-Master MTurkers group). The accuracy of the different groups' tassel identification was evaluated 91 against an expert-generated gold standard. These crowdsourced labeled images were then used as training 92 data for a "bag-of-features" machine learning algorithm. 93 We found that performance of Master and non-Master MTurkers was not significantly different; however 94 both groups performed better than the Course Credit group. At the same time, using the labeling data from 95 either course credit, MTurk or Master MTurk did not make any significant difference in the performance of 96 the machine learning algorithm when trained on sets generated by any of these groups. We conclude that 97 crowdsourcing via MTurk can be useful for establishing ground truth sets for complex image analysis tasks 98 in a short amount of time, and that MTurkers' and expert MTurkers' performance exceed that of students 99 working for course credit. At the same time, perhaps surprisingly, we also show that the differences in Labeled dataset was used a gold standard to analyze how well the different experimental groups (blue boxes) performed. Bottom row: the labeling from each experimental group was used to train an ML classifier. Each ML classifier was then tested against an expert-labeled test set.
Recruiting Participants

113
The Course Credit group included 30 participants, which were recruited using the subject pool software for the main study. As opposed to the pilot study, participants in the main study each received the same set 135 of 80 images, with image order randomized separately for each participant. The results of the pilot study 136 indicated that at least 40 images could be processed without evidence of fatigue so the number of images 137 included in the main experiment was increased to 80. The pilot study also indicated, via user feedback, that 138 a compensation rate of $8.00 for the set of 80 images was acceptable to the MTurk participants. To expedite 139 the pilot study, we did not include regular MTurkers. Our rationale was that feasibility for a larger study As an overall measure of performance for a participant box as an approximation to a gold standard box, we 181 use F 1 , the harmonic mean of precision and recall: High value precision-recall pairs are more common than low value precision-recall pairs in all three groups.
199
Perfect recall values were especially common because participants tended to draw boxes that encompassed 200 the minimum bounding box, presumably to ensure that the entire tassel was covered.
201
Testing for Performance Differences among Groups 202 Figure 4d shows the distribution of F mean for the three groups. Next we wanted to understand whether there is any change of time taken to annotate over the task given, 214 whether there is a significant difference between the groups, and specifically if any change indicated fatigue. We also analyzed the change in accuracy, as measured by F mean as the test progresses. Figure 5b shows 232 that F mean decreased slightly as the task progressed. The decreases are statistically significant (p<0.05) 233 for all three groups. However, the effect sizes (average decrease in F mean per round of image) for both In conclusion, all three groups of participants spent less time on each image as the survey progressed, 244 possibly due to increasing familiarity in the task. Although their performance in the task also decreases 245 slightly over time, the effects were almost negligible. This fatigue effect, while significant, is minor. the BLUPs with regard to F mean . Images with higher BLUPs tended to be processed more accurately. We 254 also obtained a difficult / easy classification of all eighty images from our expert who manually curated the 255 gold standard boxes, as they are shown by the two different colors on the plot. It is interesting to observe that longer time spent annotating an image correlates positively with accuracy.
257
Indeed, the linear regression fit shown as the red line on the plot has a slope estimate of 0.1003 (p=0.00136), 258 and an adjusted R 2 of 0.1127, suggesting weak correlation. Furthermore, the images that our expert con-259 sidered difficult did not take participants longer to complete, nor did they yield significantly lower accuracy.
260
The images were shown to participants in a random order, eliminating the possibility that fatigue contributes 261 to the longer time it takes to complete easy images. Since previous analysis showed that participants tend 262 to spend less time on images shown to them later (Figure 5a ), this may suggest ordering the images so that 263 more difficult images are shown to the participants first. In that way, a surveyor may take advantage of the 264 fact that participants tend to spend more time on each image in the beginning, to obtain more accurate Automatic tassel detection is an important prerequisite for fast computation of quantitative traits. We 268 can automatically detect tassels in images using a classifier trained with data derived from crowdsourcing.
269
Although our results above show that paid Master MTurkers and non-Master MTurkers tend to provide 270 higher quality tassel bounding boxes than students working for course credit, the differences in quality we 271 have detected may not necessarily translate into better training of a classification algorithm. We therefore We also trained a classifier based on the ground truth data that the our expert curated. This classi- location and structure should be located, and our solution to this task is to use crowdsourcing combined 347 with machine learning to reduce cost and time of such a pipeline, while expanding its utility. Our findings, 348 and the suggested crowdsourcing methods can be generally applied to other phenomic analysis tasks. It is 349 worthy to note that differences in quality of training sets may not translate into significant differences in 350 classification, as was in our study. However, this may vary between different classification algorithms, and 351 different training sets. We hope our study will help establish some best practices for researchers in setting 
